Transcriptional regulatory network (TRN) discovery from one method (e.g. microarray analysis, gene ontology, phylogenic similarity) does not seem feasible due to lack of sufficient information, resulting in the construction of spurious or incomplete TRNs. We develop a methodology, TRND, that integrates a preliminary TRN, microarray data, gene ontology and phylogenic similarity to accurately discover TRNs and apply the method to E. coli K12. The approach can easily be extended to include other methodologies. Although gene ontology and phylogenic similarity have been used in the context of gene-gene networks, we show that more information can be extracted when gene-gene scores are transformed to gene-transcription factor (TF) scores using a preliminary TRN. This seems to be preferable over the construction of gene-gene interaction networks in light of the observed fact that gene expression and activity of a TF made of a component encoded by that gene is often out of phase. TRND multi-method integration is found to be facilitated by the use of a Bayesian framework for each method derived from its individual scoring measure and a training set of gene/TF regulatory interactions. The TRNs we construct are in better agreement with microarray data. The number of gene/TF interactions we discover is actually double that of existing networks.
Background
The growing number of gene expression datasets and availability of hundreds of bacterial genomes accelerated the quest for the construction of bacterial transcriptional regulatory networks (TRNs). In most prokaryotic genes, transcription initiation is controlled by DNA sequence elements recognized by RNA polymerase. The activity of RNA polymerase (RP) is regulated through interaction with transcription factors (TFs) which alter the binding affinity of RP. Discovery of TRNs advances our understanding of mechanisms of cellular processes and responses, and is of particular importance in biotechnical applications and identifying the nature of diseases from a genome-wide perspective. Our objective in this work is to develop a robust methodology to use known TRN information as a training set and augment it by discovering new gene/TF interactions using a variety of approaches integrated via an objective Bayesian scheme.
We apply the methodology to E. coli as it is believed to have the most well understood TRN; therefore it serves as an excellent test case. However, out of roughly 4300 genes and around 300 predicted TFs [1] , the current E. coli TRN includes only 984 genes and 144 TFs. Hence, it is clear that we only know a fraction of the network. According to Babu and Teichmann three-quarters of the TFs are twodomain proteins, i.e., DNA-binding domain and regulatory domain (mostly for small molecules), showing the importance of TFs in adapting to environmental conditions [1] . Like most biological interaction networks, the E. coli network seems to follow a power law (scale free) distribution, suggesting that TRNs tend to be connected among high-degree nodes and low-degree ones [2] . Another important property of TRNs is the statistically overrepresented network motifs. Shen-Orr et al. showed that the feed forward motif (two TFs co-regulating one gene and one TF regulating the other) is overrepresented by a factor of 8 in the known E. coli TRN [3] . These studies advance our understanding of design principles in bacterial TRNs. However, they do not have a direct impact on the construction of TRNs.
There have been numerous approaches to TRN inference from gene expression data. Most studies considered genegene networks rather than gene-TF networks. Among them are principal component analysis [4] and independent component analysis [5] . Network component analysis (NCA) is a TF-based methodology which differs from other techniques in that the structure of the gene regulatory network is assumed to be known [6] . Therefore, NCA's use is limited to cases in which the network is fairly well known and has strong structural limitations. In reality, only an incomplete and possibly biased TRN is available due to the limited spectrum of experimental conditions imposed. Gardner et al. proposed a methodology to construct the gene-gene control network structure for small networks using microarray data, limiting the number of interactions per gene [7] . We tested a similar approach for large networks and showed that even when there are just a few interactions per gene, there can be thousands of networks that can explain the same microarray data with essentially the same accuracy. Kyoda et al. developed a methodology that employs mutation experiments to arrive at the TRN [8] . However, it is questionable whether their approach can be applied to large TRNs. Liang et al. presented a methodology for Boolean networks and applied it to a small 50 gene system with at most 3 interactions per gene [9] . Boolean networks are an oversimplification of gene expression as they use a binary approximation (fully on or off) [10] . Cluster analysis is based on statistical techniques wherein correlations are sought between the responses of genes [11, 12] . However the coordination can be extremely complex and circuitous, i.e. genes may be involved in a multi-branch feed-back loop with several TFs made or activated/deactivated by the proteins they encode. These time-delayed, complex relationships are revealed by our methodology as it discovers and quantifies many of these feedback relationships. Although cluster analysis might suggest groups of genes that may be involved in related pathways, it is not an accurate methodology to suggest gene/TF interactions. D'haeseleer et al. applied clustering based on the correlation of microarray data [13] .
To assess the feasibility of inferring gene-gene networks from expression data only, we used two independent gene expression data sets and a TRN for E. coli [14] . We calculated the linear correlation of genes that encode a TF and genes that are known to be regulated by the same TF. We also obtained correlation coefficients for all gene-gene pairs. Fig. 1 shows the probability of correlation between two randomly chosen genes and that for known pairs with similar known gene/TF interactions. Throughout the manuscript we compute probability densities. These probability density functions are normalized to have unit area although their value at any score can exceed unity (
). The actual probability can then be calcu-
Probability distribution for correlation (Pearson) between a random pair and known gene/TF regulatory interaction for E. coli Figure 1 Probability distribution for correlation (Pearson) between a random pair and known gene/TF regulatory interaction for E. coli. Square markers refer to the dataset obtained from the U. of Oklahoma E. coli database. Diamond markers refer to the datasets obtained from the NIH omnibus service (GSE7, GSE8, GSE9; 65 datasets). The solid and hollow markers show the probability distribution for correlation between a random gene pair and known gene/TF regulatory interaction, respectively. As these probability distributions are indistinguishable, it does not seem feasible to construct the TRN using expression data alone. We also calculated probability distributions for mutual information which yielded similar findings.
lated by taking the integral of the function p(x) by the integration interval of the input variable x. The similarity of these distributions demonstrates that successful reconstruction of the network using expression data alone does not seem likely. Mutual information seems to have similar limitations [15] . However, this does not mean that correlation and mutual information-based methods are not able to discover interesting gene-gene relationships; rather their potential to infer gene/TF interactions is very limited. Therefore, the main assumption in constructing genegene networks, i.e. that the TF activity follows the expression of the encoding gene seems to be unreliable. We address this problem by constructing approximate TF activity profiles using a preliminary TRN as discussed below.
The difficulty with the above studies is the gap between the complexity of the network and the quantity of information in just one methodology. The solution is to use as much information as possible to rule out spurious networks. Segal et al. assumed that genes in the same pathway are activated together and their protein products often interact [16] . This led them to the use of proteinprotein interaction information in their predictions. Brazma et al. studied the similarities of the upstream regions of genes that have a similar expression pattern [17] . A similar study was presented by Haverty et al. who used statistical methods for identifying overabundant TF binding motifs (from TRANSFAC and JASPER) and microarray data to infer the TRN [18] . Lee et al. presented a conceptual framework to integrate diverse functional genomics data (including expression data, gene-fusions, phylogenetic profiles, co-citation, and protein interaction data) and applied it to investigate gene-gene network in Saccharomyces cerevisiae [19] . The major difference between [19] and this work is that we are interested in constructing gene/TF networks rather than gene-gene networks.
Gene ontology (GO) and phylogenic similarity as approaches to functional module prediction have been explored by [20] . This work is based on the hypothesis that a pair of genes with high GO or phylogenic similarity score is likely in the same functional module (operon or regulon). In this study, we extend their work to include gene expression analysis, and focus on TRN construction. We show that GO and phylogenic similarity can be used to greatest advantage if they are based on a gene/TF interaction model.
Methods

Network definition
The TRN we seek to discover is a list of genes for each of which a set of TFs with up/down regulation is provided (b in = +1/-1 for gene i up/down regulated by TF n). The gene-gene regulation network often considered is implied as the components of each TF and the genes that encode them are also included in our TRNs. This TRN definition provides a unifying framework for all the individual TRN discovery methods we developed, as well as a methodology for the integration of multiple methods. We use multiple methodologies to suggest enhanced TRNs based on three hypotheses and a training set TRN to test them. The result of each methodology is weighed proportional to its success rate using the training set. This approach goes beyond studies that focus on gene-gene networks as it provides more detailed information (such as gene A is up regulated by TF B) that can be tested experimentally and used in medical and biotechnical applications. We demonstrate that methodologies such as gene ontology and phylogenic similarity provide better results when a preliminary set of gene/TF interactions is used instead of a training set of gene-gene data. A simple algorithm, described below, is used to calculate gene-TF scores from gene-gene similarity scores and a preliminary TRN. In addition, we use a novel approach to first approximate TF activity profiles using the preliminary TRN and gene expression data, and then using these TF activities to suggest additional gene/TF interactions via a gene-TF correlation scheme.
From gene-gene scores to gene-TF scores
Two of the methodologies (GO and phylogeny) used in this study generate gene-gene similarity scores. As our interest is the discovery of TRNs as defined above, the question is how one can use the gene-gene similarity scores and the preliminary TRN to score gene/TF interactions. For a system of N gene genes, there are N gene × (N gene -1)/2 gene-gene pairs. In order to find the score for gene A and TF B, we first seek all genes regulated by TF B in the preliminary TRN. Then we calculate the gene-gene similarity score for the gene of interest with each gene regulated by TF B. We assign the maximum of these scores to the gene A/TF B interaction. Although this appears to be a rough estimation of the gene-TF score, our computational experiments with gene-gene similarity based on gene ontology and phylogeny have shown that this score clearly distinguishes the probability distributions of the training and random sets of gene/TF interactions.
Gene ontology analysis
In this analysis we use the biological process ontology developed by the Gene Ontology (GO) consortium [21, 22] , the GO annotations from EMBL-EBI [23] and hypothesize that the likelihood for a gene pair to be regu-lated in the same manner increases with the similarity of their GO description. GO analysis was proposed by [20] who applied it to find functional modules in E. coli. However, here a training set of gene/TF interactions is used instead of a gene-gene pair-based one. In particular, we use a preliminary E. coli TRN and transform the gene-gene scores to gene-TF scores. Each GO is structured as a directed acyclic graph. The GO similarity score between two gene products is based on the number of shared ancestors. As a gene product might be assigned with multiple GO terms, we seek the maximum similarity score between all possible combinations. Let gene i and gene j be assigned h i and h j GO terms, respectively. Then the GO similarity for the gene (i, j) pair is taken to be the maximum number of shared ancestors for all combinations of the h i and h j .
Phylogenic similarity analysis
Phylogenic similarity analysis, also proposed by [20] , is based on the hypothesis that a pair of genes with large phylogenic similarity score is likely in the same functional operon, regulon or pathway. Our implementation differs in that we suggest that if two genes have high phylogenic similarity score, then they would be regulated in the same manner by the same set of TFs. Based on this hypothesis we extend the preliminary TRN.
Our approach is to calculate phylogenic similarity for gene-gene pairs follows the methodology proposed by [20] (referred to as 'likelihood of neighboring profiles' in their work). In this analysis all bacteria sequence information is downloaded from [24] and all preliminary gene/TF interactions are from [14] . Once we have phylogenic similarity scores for all gene pairs, we calculate the gene/TF scores based on the methodology described in the From Gene-Gene Scores to Gene/TF Scores Section.
Calculation of the phylogenic similarity
We first construct a vector for each gene in E. coli, the dimension of the vector being the number of genomes used in the analysis (in this study 229). We applied BLASTP to identify probable orthologous genes of a target genome in 229 reference genomes. The most significant BLASTP hit from each reference species was considered the true ortholog of the target species if the expectation value was less than 1.0e-10 [25] . If there is an orthologous gene in the i th genome, then the i th entry in this vector is assigned the order of the orthologous gene in the i th genome. If an orthologous gene does not exist in the i th genome, then this entry is taken to be 0. Once such a vector for each E. coli gene is constructed, we compute a phylogenic similarity measure for each gene pair. Given two vectors X i = [x i1 , x i2 ,...,x i229 ] for gene i and similarly X j for gene j, we use the following phylogenic similarity measure for a gene pair:
Here P(x ik , x jk ), the likelihood of genes i and j, is calculated from where p ik is the probability that gene i is present in genome k.
N k is the total number of genes in reference genome k
To calculate p ik , we grouped 229 reference genomes into subgroups based on information gathered from [26, 27] (see Table 1 ). It is assumed that p ik is identical within each subgroup for each gene. Then p ik is taken to be the ratio of number of genomes that has an orthologous gene to the total number of genomes in the subgroup.
Microarray analysis
Kinetic cell models hold great promise for predicting cell behavior [28] [29] [30] [31] [32] . Unfortunately there is a lack of information about many of the rate and equilibrium constants for the reaction and transport processes involved [33, 34] . Simultaneously calibrating all the reaction/transport rate parameters and discovering the gene/TF interaction network structure from available data does not appear to be feasible. Therefore, instead of using a kinetic approach as a basis of TRN construction, we have developed FTF (Fast Transcription Factor analyzer) for network construction via (1) TF activity estimation, (2) statistical arguments, and (3) a preliminary TRN. Once a reliable TRN is obtained using FTF, it can then be used to calibrate the rate and equilibrium constants that appear in transcription/translation kinetic models. An example of such an approach is available at [35] .
FTF was designed based on the following notions:
• a method based on TFs has the advantage that microarray noise, and errors in preliminary TRN, can be overcome by statistics -i.e. the regulation of many genes by a given TF;
• due to data uncertainty, there is not usually enough information content in many single-gene responses to unambiguously determine the effect of all TFs regulating it; and
• TRN discovery requires many automated trials of possible networks, so the algorithm must be efficient.
Calculation of TF activities using FTF
The essential equation on which FTF is based was arrived at empirically after extensive numerical experimentation with synthetic data. In this way we actually know the TRN, TF activities, and the nature of noise added to the expression data, and thereby could quantitatively assess the accuracy of FTF predictions. FTF is based on the following ansatz: where = activity of TF n at condition or time r, = microarray response of gene i at condition r, b in = TRN (b in = +1/-1for gene i up/down regulated by TF n, b in = 0 for no regulation), H(x) = ± 1 for x > or < 0, = 0 for x = 0, and Ψ in = /(M n ( -1)) for L i = number of TFs controlling gene i and M n = number of genes TF n regulates. If there are N expression times or conditions, then eq. (1) constitutes N expression × (N expression -1)/2 equations for the N expression activities for each of the TFs. Therefore, the problem is overdetermined. In our approach the problem is solved via normal equations, i.e. using a least square approach so that all the expression data is utilized and thereby statistics can help to overcome data uncertainty.
Once TF activities are calculated in this manner, the linear (Pearson) correlation is calculated for all possible gene-TF pairs. This serves as a score used to construct probability distributions for the training set (known gene/TF interactions) and random set (all possible gene/TF pairs). Comparison of these probability distributions gives an idea about the fitness of the preliminary TRN and expression data, and to which degree we can rely on the predictions of FTF. If the preliminary TRN is too small or of poor qual- ity, or if there are too few expression datasets, the training versus random set probability distributions are difficult to distinguish. The scores can also be used to rank genes that are more likely to have expression data which is inconsistent with the preliminary TRN.
To test FTF we generated a TRN that consists of 1000 genes and 100 TFs. The properties of the TRN are shown in Fig.  2 . The synthetic expression data was generated by assumed random TF activities. Expression data for gene i was generated using . Here, is the expression level of gene i at experiment r, is the activity of TF n at experiment r, N TF is the number of TFs, and Q in is a measure of the binding affinity of TF n and gene i.
To construct a synthetic TRN, for each TF we assigned u n = c 1 + where c 1 , c 2 , c 3 are constants (taken to be 0.02, 0.15, and 5, respectively) and z is a random number (between 0 and 1). Then for each gene/TF pair, we assigned a random number h in (between 0 and 1). For parameter e, which determines how dense the synthetic TRN is, if h in u n <e we set b in = -1 (down regulation), if e ≤ h in u n < 2e, we set b in = 1 (up regulation), assuming the probability of up and down regulation is the same. The Q in were allowed to change 20 fold and were generated randomly (in the logarithmic scale). TF activities were assumed to be random as well. Our synthetic examples with large TRNs show that, despite the simplicity of the FTF approach, the constructed TF activity profiles are reliable. To test the approach, one can compare the TF activities constructed and those used in the generation of synthetic expression data. For example, for a TRN that has the properties shown in Fig. 2 , even when we eliminate 50% of the TRN to create a "preliminary TRN", 90% of the constructed TF activities have a Pearson correlation coefficient of at least 0.70 with the TF activities used to generate the synthetic expression data (when 20 or more microarray experimental conditions were used). Fig. 3 shows the dependence of the results on the number of experiments. This graph shows that, for practical reason, it is not feasible to recover the full network. Fig. 4a shows the effect of network structure on the results. As the network gets denser, the percentage of the network that can be recovered decreases. Fig. 4b illustrates the dependence of the percentage of recovery on the degree of incompleteness in the preliminary TRN. As anticipated, more complete preliminary TRNs allow a higher percentage of the unknown part of the network to be recovered using expression data. These results suggest that in a real world application such as E. coli (for which we have probably less than 40% of the TRN -based on the number of gene/ TF interactions known and expected number of TFs), one can not expect to construct the full TRN using expression data alone, regardless of the number of expression datasets available.
Multi-method TRND integration
Each of the above individual methods provides a score for each gene/TF interaction. The statistical significance of the score is assessed by the ratio of the probability of that score in the training set to that in the random set. For a given method we determine a score R for each gene/TF interaction as above. an interaction with a score R for a given method is highly likely to be correct. These Bayesian ratios are computed for each method and gene/TF interaction. The sum of the log 10 of these ratios is taken to be the multi-method con-
where w k is a weighting factor, N meth is the number of TRN construction methodologies, is the score for TF n and gene i using methodology k, and are the probability distributions for the training set and random set, respectively. If a methodology fails to have a prediction for a gene-TF pair, it is excluded in the above calculation.
The weighting factors are taken to be unity in this study.
Results
Our methodology requires a preliminary TRN which is used as the training set in all three methodologies presented below. We gathered this training set from EcoCyc Effect of TRN properties. We used Networks 1, 2 and 2 of Fig. 2 to generate 100 synthetic expression data sets, and eliminated 50% of the gene/TF interactions in the TRN. Shown is the percentage of the deleted network recovered as a function of success rate. As the number interactions increases, the percentage of the network that can be recovered decreases. b) Same as a) except we used Network 1 and eliminated 25%, 50%, and 75% of the network. As expected, higher percentage of the deleted network is recoverable when a more complete network is known.
Reconstruction of TRNs
Figure 3
Reconstruction of TRNs. We have used the Network 1 of Fig. 2 and generated synthetic expression data. Then, we eliminated 50% of the network (randomly), and used FTF to reconstruct the deleted network. Fig. a) shows the percentage of the deleted network recovered as a function of success rate, a measure of the likelihood that an interaction is correct, as estimated from the training set (known interactions). As the number of microarray experiments increases, a higher percentage of the network can be reconstructed. However, full reconstruction requires too many experiments. Fig. b) shows success rate as a function of the absolute value of the linear correlation between the constructed TF activity profiles and gene expression data. [14] . EcoCyc describes E. coli operons, promoters, TFs, and TF binding sites. The database describes the mechanisms of transcriptional regulation of E. coli genes, and contains the most complete description of the genetic network of any organism. EcoCyc and RegulonDB [36] are curated to ensure that their data content is the same. The preliminary TRN used in this study included 984 genes, 144 TFs, and 2007 gene/TF interactions. Out of 2007 gene/TF interactions, 1124 were up regulation, 766 were down regulation, 5 were uncertain, and 112 were dual regulation (both up/down). Basic properties of the preliminary E. coli TRN are illustrated in Fig. 5 .
We applied the FTF methodology to E. coli using expression datasets obtained from the NIH omnibus service: GSE7 (physiological and genetic changes that affect tryptophan metabolism), GSE8 (chromosomal replication forks in synchronized cells) and GSE9 (UV exposure). These 65 sets were chosen as the experiments were per-formed on the same platform. One single run of FTF on a PC (Xeon 2.4 GHz) takes about 15 minutes and requires 700 MB memory. The probability distributions for the absolute value of the Pearson correlation coefficient between the constructed TF activities (using equation 2) and expression data are shown in Fig. 6 for both the training and random sets. A comparison of Fig. 6 and Fig. 1 shows that by constructing TF activities using a preliminary TRN, we significantly increase the amount of information extracted from expression data.
Using the biological process ontology developed by the Gene Ontology Consortium, we calculated GO similarity scores. We then calculated gene/TF scores using the approach described in From Gene-Gene Scores to Gene-TF Scores Section. Fig. 7 shows the probability distributions for the training (gene/TF interactions in the preliminary TRN) and complete (all possible gene/TF interactions) sets. The significant variation between the training and random sets provides evidence that the likelihood for a gene pair to be regulated in the same manner increases with the similarity of their GO description. A comparison of Fig. 7 and Fig. 2 of Wu et al. (2005) shows that our approach is more successful in distinguishing the training and random sets (Note that [20] included pathway data in their training set whereas we only used the E. coli TRN).
We extended the number of genomes used in the phylogenic similarity analysis from 134 to 229 and used the E. coli TRN as the training set in contrast to the gene-gene pair training set suggested by [20] . Fig. 8 shows the prob-Probability distribution of FTF similarity scores of the training set (dashed) with respect the random set (solid) Figure 6 Probability distribution of FTF similarity scores of the training set (dashed) with respect the random set (solid). x-axis refers to FTF similarity score while y-axis refers to its probability distribution. A comparison with Fig. 1 (diamond markers) shows that our approach is superior to the gene-gene correlation approach. a) Probability distribution for the number of genes regulated by a given TF, b) probability distribution for the number of gene/TF interactions per gene Figure 5 a) Probability distribution for the number of genes regulated by a given TF, b) probability distribution for the number of gene/TF interactions per gene. These graphs are based on the preliminary TRN taken from [14] .
ability distributions for the training (gene/TF interactions in the preliminary TRN) and complete (all possible gene/ TF interactions) sets. Phylogenic similarity outperforms the GO and FTF methodologies. As in the case for GO similarity, the results are better than those obtained earlier ( Fig. 4 of [20] ) due to the gene-TF versus the gene-gene based approach.
The probability distributions of the integrated confidence score for the training and complete gene/TF sets are shown in Fig. 9 . We applied a threshold of 1.3 to this score to find the most likely gene/TF interactions. To facilitate the use of our results by the research community, they are posted at [37] where users can view/download the results and perform search queries. As our procedure is automated, when new information and microarray or other data become available, the entire procedure can be readily repeated.
To provide an objective measure of deviations between two probability distributions, we calculated the chisquare scores for GO, phylogenic, and FTF analysis as well as the final integrated probability distributions (Figs. 6, 7, 8, 9) . We created 4 bins for all distributions and calculated the number of gene/TF scores in each bin. Note that a chisquare score of 16.27 gives a p-value of 0.001 for a system with three degrees of freedom (number of bins minus one). We found the chi-square scores to be 49667 (phylogenic similarity), 13005 (GO), 579 (FTF), and 79584 (integrated). These scores indicate and GO and phylogenic similarity measures provide better predictions than expression analysis. Higher chi-square score for the integrated probability distributions justifies the integration scheme. A cross examination of scores from different methodologies has shown that if a gene/TF interaction scores high for one of the three methodologies, this doesn't imply that the remaining two methods will support this prediction. For example, out of the 1000 highest phylogenic similarity scores, only 48 and 3 of them were found in the top 1000 GO and FTF scores.
The suggested TRN includes 3694 new gene/TF interactions. If the training TRN is a random sampling of the actual TRN, then, for a sufficiently large training TRN, it is expected to exhibit the basic functional properties of the actual TRN. The suggested TRN is denser than the training TRN. However, as illustrated in Fig. 10 , probability distributions for the number of gene/TF interactions per gene for both the training and suggested TRNs show a high degree of similarity. Clearly, our training set is vastly incomplete. Not only we don't have any regulatory information for over 3,000 genes, but we likely know only a fraction of the number of TFs regulating those 984 genes for which at least one regulating TF is known. Therefore, the true E. coli TRN is likely to be denser, as predicted here.
After we performed the calculations we found 206 more gene/TF interactions in the RegulonDB and EcoCyc data-Comparison of the probability distributions of Phylogenic Similarity scores of the training set (dashed) and the random set (solid) Figure 8 Comparison of the probability distributions of Phylogenic Similarity scores of the training set (dashed) and the random set (solid). x-axis refers to Phylogenic Similarity Score while y-axis refers to its probability distribution. The training set is based on all known gene/TF interactions from [14] . The random set consists of all possible gene/TF interactions. It is seen that higher score implies higher likelihood of a gene/TF interaction, particularly when the similarity score is greater than 500.
Comparison of the probability distributions of GO similarity scores of the training set (square markers) and the random set (diamond markers)
Figure 7
Comparison of the probability distributions of GO similarity scores of the training set (square markers) and the random set (diamond markers). The training set consists of all known E. coli gene/TF interactions for those genes with GO terms assigned. The random set consists of all possible gene/TF interactions for those genes with GO terms assigned. It is seen that higher GO similarity score implies higher likelihood of a gene/TF interaction, particularly when the GO similarity score is larger than 8.
bases that were not included in the training set. 44 out of 206 regulatory interactions were predicted by our methodology. Out of 44 interactions, the nature of regulation was correctly predicted for 33 of them. Regulation type couldn't be obtained for 7 interactions. Regulation nature was incorrectly predicted for the remaining 4 interactions ( Table 2 ). We obtained the p-value for predicting at least 44 out of 206 gene/TF interactions to be less than 1.0e-50 (expected proportion = 3.5e-04, number observed = 44, sample size = 3694).
We also used the gene expression data (described above in the microarray analysis section) to further test the suggested TRN as follows. We obtained approximate TF activities for both the training and suggested TRNs. Then, for each gene we calculated the linear correlation coefficient between the expression data and the sum of TF activity profiles (accounting separately up versus down regulation). Higher scores indicate better consistency between expression data and TRN. The average scores for the training and suggested TRNs were calculated to be 0.47 and 0.54, respectively, showing an improvement in the overall consistency of the TRN with gene expression profiles.
Conclusion
We believe our results on E. coli demonstrate the viability of the multi-method approach for bacteria. The focus on gene/TF interactions rather than the gene/gene interaction approach apparently is a key to the approach and also yields more detailed information on the nature of the TRN. The Bayesian framework provides the objective interaction methodology.
The multi-method integration scheme straightforwardly generalizes to other techniques; thus we are presently adding promoter analysis and protein-protein interaction modules to the integrated scoring. We hope this type of computational analysis will guide experimental studies and accelerate research in the discovery of TRNs. We are applying the methodology to other bacteria of interest, notably Geobacter sulfurreducens and Bacillus anthracis. 
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